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Abstract. Dataset distillation (DD) compresses a large training set into
a small synthetic set, reducing storage and training cost, and has shown
strong results on general benchmarks. Decoupled DD further improves
efficiency by splitting the pipeline into pretraining, sample distillation,
and soft-label generation. However, existing decoupled methods largely
rely on coarse class-label supervision and optimize samples within each
class in a nearly identical manner. On fine-grained datasets, this often
yields distilled samples that (i) retain large intra-class variation with
subtle inter-class differences and (ii) become overly similar within the
same class, limiting localized discriminative cues and hurting recognition.
To solve the above-mentioned problems, we propose FD?, a dedicated
framework for Fine-grained Dataset Distillation. FD? localizes discrimi-
native regions and constructs fine-grained representations for distillation.
During pretraining, counterfactual attention learning aggregates discrim-
inative representations to update class prototypes. During distillation,
a fine-grained characteristic constraint aligns each sample with its class
prototype while repelling others, and a similarity constraint diversifies at-
tention across same-class samples. Experiments on multiple fine-grained
and general datasets show that FD? integrates seamlessly with decou-
pled DD and improves performance in most settings, indicating strong
transferability. Code is available at https://github.com/Guang000/FD2.
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1 Introduction

Recently, the rapid growth of large-scale datasets has driven substantial progress
in artificial intelligence, but it also brings high computational cost and long train-
ing time [7,8,12]. Dataset distillation (DD) addresses this challenge by learning
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Fig.1: (a) On CUB-200-2011, 10 classes are randomly sampled to compare the origi-
nal training set and the SRe®L-++ distilled set, where intra-class dispersion (bars) and
inter-class distance (line) are reported. (b) Attention heatmaps of Black-footed Alba-
tross in CUB-200-2011, comparing the attended regions of distilled samples produced
by SRe?L++ and FD2.

a compact synthetic dataset that preserves the training utility of the original
data, such that a model trained on the distilled set achieves performance close
to training on the full dataset while using far fewer resources [5,16,18,39,46]. Ex-
isting DD methods can be broadly grouped into matching-based approaches, e.g.,
gradient matching [45, 46|, distribution matching [20, 36, 48|, trajectory match-
ing [1,6,17], decoupled methods [3,4,43], and generative methods [10,19,33,47].
Most of these techniques are evaluated on general-purpose benchmarks, including
ImageNette and ImageWoof [7], where they have shown promising performance.
Among these, decoupled methods [3, 4, 43] split dataset distillation into three
stages: model pretraining, sample distillation, and soft-label generation, which
significantly improves efficiency while preserving competitive accuracy on gen-
eral benchmarks. However, when directly applied to fine-grained datasets (e.g.,
CUB-200-2011), existing decoupled methods suffer from two limitations: (i) the
distilled set preserves unfavorable fine-grained characteristics, and (ii) distilled
samples within the same class become overly similar.
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For (i), Fig. 1a visualizes 10 randomly selected CUB-200-2011 classes, where
the original data exhibit large intra-class variation and subtle inter-class differ-
ences, which we term the fine-grained characteristic. This characteristic degrades
the model’s ability to extract discriminative cues, thereby limiting fine-grained
recognition performance. A representative decoupled method, SRe?L-++ [4],
largely inherits this unfavorable characteristic in the distilled set, and in some
classes, the characteristic is even worse than that of the full dataset, making it
difficult for the student model to learn discriminative representations. We at-
tribute this to the fact that decoupled DD relies primarily on coarse class-label
supervision during distillation: it enforces class-level semantic consistency but
does not explicitly encourage intra-class compactness or inter-class separability
at the fine-grained level. For (ii), the attention heatmaps in Fig. 1b show that
SRe?L-++ attends to highly consistent regions across same-class distilled sam-
ples, which reduces coverage of discriminative parts and weakens the diversity
of discriminative cues available for the student model. This behavior is induced
by sample-wise iterative synthesis under nearly identical optimization across it-
erations, which drives the same-class samples to converge to similar solutions.
Together, these issues limit the quality of fine-grained distilled data and conse-
quently degrade the student model’s performance on fine-grained recognition.

To address these issues, we propose FD?2, a dedicated framework for Fine-
grained Dataset Distillation that augments decoupled DD with fine-grained su-
pervision. FD? leverages Counterfactual Attention Learning (CAL) to extract
attention maps that localize discriminative regions and to construct class proto-
types summarizing these representations. These attention-based signals provide
fine-grained supervision for the subsequent distillation process. During pretrain-
ing, CAL is used to obtain attention maps and update class prototypes that
capture discriminative cues. During distillation, the attention maps are used
to localize discriminative regions and are fused with backbone features to form
fine-grained representations. Based on these representations, we introduce two
complementary constraints. A fine-grained characteristic constraint pulls each
distilled sample toward its target-class prototype while pushing it away from
other-class prototypes, improving intra-class compactness and inter-class sepa-
rability. A similarity constraint encourages diversity among same-class distilled
samples by separating their attention distributions, enabling coverage of different
discriminative regions. Both constraints are incorporated into existing distilla-
tion objectives as plug-in terms, introducing minimal overhead while preserving
the original decoupled distillation pipeline. Experiments on multiple fine-grained
and general datasets demonstrate that FD? consistently improves representative
decoupled distillation methods.

The main contributions of this paper are summarized as follows:

— We propose FD?2, a dedicated framework for fine-grained dataset distillation
that augments decoupled DD with fine-grained supervision. The proposed
method improves the structure of the distilled dataset by simultaneously
enhancing inter-class separability and promoting within-class diversity.
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— We introduce a fine-grained characteristic constraint to improve intra-class
compactness and inter-class separability, and a similarity constraint to di-
versify attention across same-class distilled samples, thereby providing richer
localized discriminative cues.

— Extensive experiments on multiple fine-grained and general datasets demon-
strate that FD? can be integrated into representative decoupled methods
without modification of their workflow and achieves consistent improvements
in most settings, with particularly strong gains on fine-grained datasets.

2 Related Work

Dataset Distillation. Dataset distillation (DD) aims to synthesize a compact set
of training samples from a large dataset, substantially reducing storage and
training cost while retaining performance close to training on the full data.
Existing DD methods can be broadly categorized into gradient matching 15,22,
45,46], distribution matching [21, 28, 36,41, 48], trajectory matching [1,2,6,11],
decoupled distillation [3,30,31,40,42,43], and generative distillation [10,32,47,49].

Decoupled Dataset Distillation. SRe*L [43] pioneers decoupled distillation by
separating model pretraining from sample distillation. SRe?L++ [4] improves
robustness via stronger augmentation and batch-specific soft labels. FADRM
[3] enriches pixel-space information with multi-scale residual connections (with
FADRM+ extending to multi-model distillation). G-VBSM [30] enhances gener-
alization across multiple models, while CDA [42] stabilizes optimization through
a curriculum strategy. LPLD [40] revisits the necessity of large-scale soft labels
and proposes lighter-weight alternatives. Despite their effectiveness on general-
purpose benchmarks, these methods are not designed with fine-grained datasets
in mind and do not explicitly address fine-grained separability or within-class
diversity in the distilled set.

Fine-grained Image Recognition. Fine-grained image recognition (FGIR) of-
ten relies on localized discriminative regions, motivating methods that mine
and aggregate part-level cues. Cross-X [24] exploits cross-layer interaction with
cross-category constraints. PMG [9] learns multi-granularity cues via progressive
training. DP-Net [37] injects learnable positional cues and dynamically aligns
them with visual content. CSC-Net [38] improves localization by enforcing class-
specific semantic coherency. CAL [27] introduces counterfactual attention learn-
ing to enhance attention quality and guide models toward key local cues.

3 Approach

3.1 Preliminaries

Dataset distillation aims to synthesize a compact training set that preserves
the training utility of a large labeled dataset. Let 7 = {(z;,v:)}, denote the
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Fig. 2: Overview of FD?. 1. We pretrain a Backbone+CAL teacher and maintain class
prototypes online. 2. We distill images in the same-class groups of size Ng, adding a fine-
grained characteristic constraint (prototype alignment or separation) and a similarity
constraint (diverse attention), together with class-supervision from both branches. 3.
We generate soft labels using the backbone branch.

original training set. The objective is to distill a substantially smaller set D =
{(&;, g]j)}jj‘il with M < N, such that models trained on D achieve performance
comparable to those trained on 7. This objective can be expressed by minimizing
the discrepancy between the losses obtained under the two training regimes:

sup IE(ng(x),y) - ‘C(f973 ($)7y)| < 57 (1)
(z,y)~T

where L(-, ) denotes the task loss (e.g., cross-entropy), and 67 and 0p represent
the parameters obtained by training on 7 and D, respectively. Accordingly,
dataset distillation can be formulated as the following optimization problem:

arg g,l\l& (%S;).I:T ‘E(fGT (:I:)v y) - ‘C(fa'D (.7,‘)7 y)l . (2)

Under a given distillation budget, the distilled set D maintains an equal number
of images for each class.

3.2 Overview of FD?

The overall framework of FD? is illustrated in Fig. 2. FD? follows the decoupled
distillation paradigm and can be integrated into existing decoupled methods as
an additive module. We first pretrain a Backbone+CAL teacher by jointly op-
timizing the backbone and CAL classifiers while maintaining fine-grained class
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prototypes online. During distillation, distilled images are optimized in a sample-
wise manner and organized into the same-class groups of size Ng. For each cur-
rent distilled sample, its feature representation and attention map are obtained
from the Backbone+CAL teacher, and the original distillation objective is aug-
mented with two constraints. The fine-grained characteristic constraint pulls
the sample toward the prototype of the target class and pushes it away from
prototypes of other classes, improving intra-class compactness and inter-class
separability. The similarity constraint encourages within-class diversity by in-
creasing the discrepancy between the attention map of the current sample and
those of previously generated samples of the same class, thereby promoting cov-
erage of different discriminative regions. Finally, during the soft-label generation
stage, soft labels are produced by the backbone branch. Since downstream eval-
uation trains a standard backbone student, this design helps reduce bias caused
by architectural mismatch.

3.3 Counterfactual Attention Learning (CAL)

To address the limitations of previous methods on fine-grained datasets, we in-
troduce Counterfactual Attention Learning (CAL) [27], a simple and effective
approach that provides fine-grained class prototypes and precise attention maps.
CAL leverages counterfactual intervention to construct a factual-counterfactual
contrastive signal, enabling more reliable attention localization and discrimina-
tive representation learning under weak supervision.

Given an input image = with label y, a backbone feature extractor f(-) pro-
duces the final-stage feature map F, and an attention predictor g(-) generates
M attention maps A = {A,,}_,. CAL then applies an attention-weighted ag-
gregation operator @(-) (e.g., bilinear attention pooling) to obtain the factual
representation z:

F=f(z), A=g(F), z»=&F,A). (3)

To explicitly quantify the contribution of attention, CAL performs a counter-
factual intervention by replacing A with an alternative (or perturbed) attention
set A while keeping F fixed. This operation produces a counterfactual represen-
tation Z, and the difference between factual and counterfactual predictions forms
an effect prediction:

z = @(F, A), Praw = WZ; DPeff = Praw — W'%a (4)

where W denotes the linear classifier of CAL, p;.w represents the factual logit,
and peg measures the gain induced by the factual attention relative to the coun-
terfactual attention. Intuitively, if attention focuses on truly discriminative re-
gions, replacing it with A weakens class evidence, which increases the discrim-
inability of peg and is therefore encouraged during training.

Meanwhile, CAL maintains a feature center for each class as a class prototype.
Let ¢, denote the prototype of class y. The prototype is updated online using a
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momentum rule, and a center regularizer encourages the factual representation
z to approach the corresponding class prototype:

(5)

where Norm(+) denotes feature normalization and p € (0, 1) denotes the momen-
tum coefficient.
Subsequently, the pretraining objective of CAL is defined as:

¢y < (1 — p)ey + pNorm(z), Lecenter = Hz — Norm(cy)’

Loar = Lee (pravvy y) + Lee (peffv y) + 'r]['centera (6)

where L(+, ) denotes the cross-entropy loss and 7 controls the strength of the
center regularization. This objective enables CAL to identify discriminative re-
gions more reliably and to learn discriminative representations during training,
which improves classification accuracy.

During the pretraining, distillation, and soft-label generation stages, the
teacher adopts the Backbone+CAL architecture. In the post-evaluation stage,
following the standard protocol of prior methods, a plain Backbone student
model is used. Notably, during pretraining, the backbone classifier and the CAL
classifier share the same backbone features and are jointly optimized. This de-
sign is motivated by the use of a backbone student model in the post-evaluation
stage. If soft labels generated by the CAL branch are used directly, instability
may be introduced into the probability outputs of the student model. Formally,
the backbone branch predicts:

b = Wiy - GAP(F), (7)

where Wy, denotes the backbone classifier and GAP(-) denotes global average
pooling. The overall pretraining loss is defined as a weighted combination:

Lpre = (1 — ) Leo(pob,y) + aLoar, (8)

where o € [0, 1] controls the relative contribution of the two branches. Joint
optimization ensures that the backbone teacher model preserves the ability to
generate stable soft labels for student training, while still benefiting from the
discriminative representations and prototype aggregation provided by CAL.

3.4 Constraints

Suppressing unfavorable fine-grained characteristics and reducing similarity among
distilled samples are two key strategies for fine-grained dataset distillation. There-
fore, two specialized constraints are introduced.

Fine-grained Characteristic Constraint. Suppressing unfavorable fine-grained
characteristics in distilled samples reduces the difficulty for the student model
to learn discriminative representations. A straightforward strategy aligns the
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representation of a sample with the prototype of its class while increasing the
distance to the prototypes of other classes:

Lp(Zy) = Bla(zyircy) + (1= B) (1= Erpy[l2(2y.0,c8)]) . B€[0,1], (9)

where T, ; denotes the i-th distilled image of class y in a group, 3 is a weighting
hyperparameter, lo(u,v) = |Ju — v|l2/(|Jull2 + |[v]|2 + €) is a symmetrically nor-
malized Euclidean metric, 2, ; denotes the representation of the sample, and ¢,
and ¢y denote the prototypes of the current class and other classes, respectively.
According to Eq. (9), the intra-class compactness and inter-class separability of
the distilled images are enhanced.

Similarity Constraint. To suppress similarity among distilled samples and en-
courage diverse discriminative regions, the distance between the attention map
of the current sample and the attention maps of previously distilled samples is
maximized in the attention space:

['S(iy,i) =1- E]‘<i[£2 (Ay,i7 Ay,j)]7 1< < NS, (10)

and Lg is omitted when 7 = 1. Here, A, ; denotes the attention map of the
current sample, A, ; denotes the attention maps of previous samples of the same
class, and Ng denotes the number of distilled images in the group that satisfy
this constraint.

Since pretraining adopts a dual-classifier architecture, distillation also super-
vises class signals with both classifiers to leverage their discriminative capability:

La(y) = (1= ) Lo (P w) +aLee(pllhy) . @€l (1)
Here, a is a weighting hyperparameter, and pgg and pi’j denote the logits pro-
duced by the backbone and CAL branches, respectively. Let Lother denote the
original loss of the underlying distillation method. The final objective for opti-
mizing T ; is
»Ctotal = »Cother + »Ccls + )\»CF + (]- - )‘)'CSv (12)
where A controls the relative contribution of the two proposed constraints. The
training process is summarized in Algorithm 1. The proposed constraints are
jointly optimized with the original objective, which suppresses undesirable fine-
grained characteristics and similarity without degrading the effectiveness of the
underlying method. A theoretical analysis of these constraints is provided in the
supplementary material.

4 Experiments

4.1 Experimental Settings

Datasets. Evaluation of FD? is conducted on three fine-grained datasets, CUB-
200-2011 [35], FGVC-Aircraft [26], and Stanford Cars [14], together with two
general datasets, ImageNette and ImageWoof, which are subsets of ImageNet-
1K [7]. All input images are resized to 224 x 224.
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Algorithm 1 FD?

Require: Class index y, number of classes K, group size Ng
Require: Pretrained teacher ¢(-) (BackbonetCAL), prototypes {ck } iy
Require: Weights a, 5, A\, original loss Lother

1: for i =1 to Ns do

2: Initialize distilled image Z,,;
3: if i > 1 then
4: for j=1toi—1do
5: (s, Ay,j) < &(Zy,5) > Attention maps of previous same-class samples
6: end for
T end if
8: for each step do
9: (p¥il, Uk, 2y, Aysi) < ¢(Fy,:) > Logits, representation and attention map
10: Compute Lr by Eq. (9)
11: if i > 1 then
12: Compute Lg by Eq. (10) using {Ay’j}é-;ll and Ay ;
13: else
14: Ls+ 0
15: end if
16: Compute Lcis by Eq. (11)
17: Liotal < Lother + Leis + ALE + (1 = AN)Ls
18: Update Z,,; by gradient descent on Liotal
19: end for
20: end for

Comparative Methods. Comparison of FD? is performed with three state-of-the-
art DD baselines under the same experimental environment on a single H200
GPU. Since FD? is designed for the decoupled distillation paradigm, SRe*L++ [4]
is selected as the primary baseline. This method extends SRe’L [43] through
stronger data augmentation and batch-specific soft labels. To evaluate plug-and-
play transferability, FADRM+ [3] is also included. FADRM+ is an ensemble-
based decoupled method that improves both efficiency and performance through
multi-scale residual connections. In addition, RDED [34] is adopted as a repre-
sentative approach that constructs distilled sets by cropping real images, which
can be interpreted as exploiting localized regions during the distillation process.

In cross-architecture generalization experiments and ablation studies, CUB-200-
2011 is used as the default dataset unless otherwise specified. The supplementary
material provides additional ablation studies, further comparisons with other
advanced methods on fine-grained datasets, and efficiency analysis.

4.2 Main Results

Fine-grained Datasets. As shown in Tab. 1, FD? improves the performance
of decoupled methods in most settings when compared with SRe?L-++ and
FADRM+. This result indicates that the mitigation of unfavorable fine-grained
characteristics and excessive similarity among samples can improve the quality of
distilled data and facilitate the learning of discriminative representations by the
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Table 1: Top-1 accuracy is reported in the post-evaluation stage to compare FD? with
three state-of-the-art methods. For fine-grained datasets, where the number of samples
per class is limited, the value of IPC is set to 1, 3, and 5. Following the standard
protocol of each method, post-evaluation is conducted for 300 epochs for RDED, which
constructs distilled sets by cropping real images, and for 400 epochs for the decoupled
baselines SRe’L++ and FADRM+-. Evaluation of FD? is performed by integrating it
into SRe’L++ and FADRM+ (denoted by the subscript “pp2”) while keeping the same
post-evaluation settings as the corresponding baseline methods. SRe?L++ and its FD?
version follow the standard same-architecture evaluation protocol, while FADRM+ and
its FD? version use multi-teacher for DD and single student for post-evaluation.

Dataset Student IPC RDED SRe’L++ SRe’L++pp2 FADRM+ FADRM+fpp2
1 383 53.4 56.4 (1 3.0 54.8 55.0 (1 0.2
ResNetl8 3 526 60.0 64.9 (1 4.9 64.0 64.6 (1 0.6
CUB-200-2011 5  63.9 63.5 67.0 (1 3.5 66.4 67.5 (1 1.1
1 334 61.1 70.1 (1 9.0 66.2 66.5 (1 0.3)
ResNet50 3 49.0 65.1 73.7 (1 8.6 70.4 70.6 (1 0.2
5  58.6 68.1 75.5 (1 7.4 71.5 72.0 (1 0.5
1 221 52.6 58.2 (1 5.6 55.0 60.5 (1 5.5
ResNetl8 3 364 66.6 76.1(1 9.5 72.9 75.1 (1 2.2
FGVC-Aircraft 5  38.6 68.3 80.0 (1 11.7) 74.0 77.6 (1 3.6
1 128 59.3 67.8 (1 8.5 70.8 73.8 (1 3.0
ResNet50 3 34.8 68.0 76.7 (1 8.7 76.1 78.9(1 2.8
5  45.2 72.2 79.0 (1 6.8 78.6 81.0 (1 2.4
1 33.0 52.4 64.5 (1 12.1) 60.3 74.1 (1 13.8)
ResNetl8 3 9.4 68.2 75.2 (1 7.0) 75.0 84.8 (1 9.8
Stanford Cars 5  76.1 70.9 81.4 (T 10.5) 7.7 86.6 (1 8.9
1 128 65.6 80.7 (1 15.1) 73.9 85.3 (1 11.4)
ResNet50 3 70.2 76.6 86.5 (1 9.9) 78.9 87.8 (1 8.9)
5 759 78.0 88.3 (1 10.3) 82.2 89.0 (1 6.8)

student model. Notably, the improvements are typically more pronounced when
IPC= 1, with particularly clear gains on the Stanford Cars dataset. For example,
with ResNet18, SRe?L++ppz exceeds SRe?L++ by 12.1%, and FADRM+pp2
exceeds FADRM+ by 13.8%. This observation suggests that FD? can still pro-
vide effective discriminative cues even when only a single distilled sample is
available for each class. In contrast, RDED exhibits the lowest overall perfor-
mance, which indicates that coarse cropping of real images does not reliably
capture key discriminative regions.

General datasets. To verify the applicability of FD? beyond fine-grained datasets,
we further evaluate it on ImageNette and ImageWoof. Since SRe?L++ does not
report results on ImageWoof, we use RDED and FADRM+ as baselines. As
shown in Tab. 2, on ImageWoof (which can be viewed as a 10-class fine-grained
subset of ImageNet), FADRM+pp2 achieves clear improvements in most settings,
supporting the effectiveness of FD2. On ImageNette, the effect of FD? depends
on the student architecture: with ResNet50, FADRM+pgp2 yields clear improve-
ments across all IPC settings, while with the smaller ResNet18, the gains are
more limited and become noticeable mainly at IPC= 50. This suggests that the
additional fine-grained cues introduced by FD? are more effectively utilized by
higher-capacity students. RDED consistently performs the worst across datasets
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Table 2: Top-1 accuracy in the post-evaluation stage is reported to compare FD? with
two baselines. On general datasets, IPC is set to 1, 10, and 50. Following the standard
protocols, post-evaluation is conducted for 300 epochs for both RDED and FADRM+.
FD? is evaluated by integrating it into FADRM-+ (denoted by the subscript “pp2”)
under the same post-evaluation setting.

Dataset IPC ResNet18 ResNet50
RDED FADRM+ FADRM+p52 RDED FADRM+ FADRM+pp2
1 35.8 39.2 38.6 (4 0.6 27.0 31.9 39.0(1 7.1
ImageNette 10 61.4 69.0 69.5 (1 0.5 55.0 68.1 71.4(1 3.3
50 80.4 84.6 86.7 (1 2.1 81.8 85.4 92.3(1 6.9
1 20.8 22.8 22.1(4 0.7 17.8 19.9 30.3 (1 10.4
ImageWoof 10 38.5 57.3 60.7 (1 3.4 35.2 54.1 64.6 (1 10.5
50 68.5 72.6 80.0(1 7.4 67.0 71.7 80.2 (1 8.5)
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Fig. 3: (a) t-SNE feature distribution. (b) Nearest-neighbor center distance of each
class for distilled images on CUB-200-2011.

and IPC settings, indicating that a cropping-based manner provides limited use-
ful information on general datasets. Overall, FD? improves performance in most
settings, with reduced gains mainly observed for small-capacity students on sim-
pler datasets.

4.3 Analysis

Fine-grained Characteristic. As shown in Fig. 3a, we visualize distilled samples
on CUB-200-2011 using t-SNE [25] in the feature space, where 10 classes are
randomly sampled with 5 distilled images per class. Compared with SRe?L++,
same-class samples distilled with FD? exhibit higher intra-class compactness.
Meanwhile, Fig. 3b shows larger nearest-neighbor center distances between classes
under FD?, indicating improved inter-class separability. These results demon-
strate that the proposed fine-grained characteristic constraint reduces intra-class
variance while enhancing inter-class separability.

Similarity. Asillustrated in Fig. 1b, attention heatmaps of the black-footed alba-
tross class in CUB-200-2011 show that SRe?L++ produces highly homogeneous
distilled samples within the same class, where the attended regions are nearly



12 H. Ma and G. Li et al.

Table 3: Top-1 accuracy for cross-architecture generalization at IPC=3.

Student SRe’L++ SRe’L+t+pp2 FADRM+ FADRM+ppe
ShuffleNetV2 [44] 38.5 47.6 (1 9.1) 46.4 46.7 (1 0.3)
MobileNetV2 [29] 57.1 62.9 (1 5.8) 64.9 65.8 (1 0.9)
DenseNet121 [13] 62.0 65.8 (1 3.8) 68.6 68.1 (4 0.5)

ResNet18 [12] 60.0 64.9 (1 4.9) 64.0 64.6 (1 0.6)
ResNet50 [12] 64.2 67.7 (1 3.5) 70.4 70.6 (1 0.2)
ConvNeXt-Tiny [23] 28.9 30.4 (1 1.5) 29.1 35.1(10.2)

identical across samples. When the similarity constraint is applied within a group
of idipc=1-4, FD? encourages more diverse attention distributions, enriching the
discriminative regions in the distilled samples. Although RDED introduces some
local information through cropping, this coarse strategy does not reliably cap-
ture key discriminative cues. As a result, the performance of RDED is generally
lower than that of FD2, as shown in Tab. 1 and Tab. 2.

Transferability. FD? functions as an add-on module that can be integrated
into different decoupled DD methods without modifying the original training
pipeline. As shown in Tab. 1, integrating FD? into SRe?L++ yields clear accu-
racy improvements across datasets and IPCs. When integrated into FADRM-+,
improvements are also observed on most datasets, although the gains on CUB-
200-2011 remain relatively limited, while larger improvements appear on Stan-
ford Cars. These results indicate that FD? consistently enhances the performance
of different decoupled methods and demonstrates strong transferability.

4.4 Cross-Architecture Generalization

Cross-architecture generalization is an important criterion for evaluating the
quality of distilled datasets, as it reflects transferability across different students
and practical applicability. To examine this property, we compare SRe?L-++,
FADRM+, and their FD?-augmented variants. For SRe?L++ and SRe?L++ppe,
we use ResNetl8 as the teacher and evaluate with different students; we also
include ResNet18 as the student for ease of comparison. For FADRM+ and
FADRM++gp2, we distill with multiple teachers and use one student for evalua-
tion. As shown in Tab. 3, integrating FD? improves performance for most archi-
tectures and methods. On DenseNet121 [13], FADRM+ performs slightly bet-
ter than FADRM+pp2, while SRe?L++pp2 consistently outperforms SRe?L++.
These results indicate that FD? provides strong cross-architecture generalization
and stable performance across diverse evaluation settings.

4.5 Ablation Study

To reduce computational cost and runtime, FD? is integrated into SRe?L++,
and all ablation studies are conducted using ResNet18 + CAL.
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Fig.4: Top-1 accuracy under different 0.9 62.4 75.9

settings during pretraining.

Impact of the Cal Ratio o in the Model Pretraining and Distillation. Since the
backbone classifier and the CAL classifier are jointly optimized, we first perform
an ablation study in the pretraining stage to determine an appropriate CAL
ratio, as shown in Fig. 4. With the number of attention maps fixed to 8, different
CAL ratios are evaluated. When the CAL ratio exceeds 0.5, the accuracy of
both the backbone branch and the CAL branch decreases noticeably. Therefore,
in experiments with 16 and 32 attention maps, the CAL ratio is restricted to
0.1-0.5. Considering all configurations, the pretrained model with 8 attention
maps and a CAL ratio of 0.5 is selected for the distillation stage.

During distillation, the effect of the CAL ratio on post-evaluation perfor-
mance is further examined with TIPC= 3. As shown in Tab. 4, on CUB-200-2011
the highest Top-1 accuracy (63.4%) is obtained at CAL ratio = 0.5. On FGVC-
Aircraft, the best accuracy (75.9%) is achieved at CAL ratio = 0.3, which is also
optimal in the pretraining stage. These results suggest that using the same CAL
ratio in both stages helps maintain consistent feature distributions and attention
strengths, thereby reducing stage mismatch. Therefore, adopting the same CAL
ratio across stages provides a stable configuration.

Table 5: Impact of S in the fine-grained Table 6: Impact of the group size Ng in

characteristic constraint. the similarity constraint.
Method B Acc Method Ns Acc
0.00 63.5 2 64.1
) 0.25 63.7 ) 3 64.9
0.50 64.8 :
SRe“L++gp2 075 67 SRe“L++¢p2 4 66.1
1.00 64.1 5 64.6

Impact of B in the Fine-grained Characteristic Constraint. To study the rela-
tive weighting between alignment with same-class prototypes and repulsion from
other-class prototypes, we enable the fine-grained characteristic constraint alone
and ablate 5 at IPC= 3. As shown in Tab. 5, the best post-evaluation accuracy
is achieved at 8 = 0.5. This result indicates that a balanced weighting improves
both intra-class compactness and inter-class separability, thereby improving the
quality of samples. Therefore, 5 = 0.5 is used in subsequent experiments.
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Impact of the Group Size Ng in the Similarity Constraint. To determine an
appropriate group size Ng, we ablate Ng with only the similarity constraint en-
abled and IPC= 5. As shown in Tab. 6, Ng = 4 achieves the best post-evaluation
accuracy (66.1%). When Ng increases to 5, the available discriminative cues be-
come limited, and additional samples tend to focus on repeated regions. With
only a few distilled samples, this repetition may cause the student model to
overfit to these regions, which reduces performance (64.6%). Therefore, Ng = 4
is selected. For larger IPC, multiple Ng = 4 groups can be processed in parallel
with multiple processes/GPUs. The distillation times for different Ng settings
are reported in the supplementary material.

Table 7: Ablation study of different con- Table 8: The impact of the relative weight

straint combinations. A between the proposed constraints.
Method Lr Ls Acc Method A Top-1 Acc
- — 634 0.2 65.4
v - 64.8 0.4 65.0
2 2
SReLt+rp2 © /gy SReLt+wp2 g5 657
v Vv 64.9 0.8 67.0

Effectiveness of the Proposed Constraints. To evaluate the contribution of the
proposed constraints, we compare different constraint combinations with IPC=
3. As shown in Tab. 7, both constraints improve performance over the no-
constraint baseline (63.4%). The fine-grained characteristic constraint provides
a slightly larger gain (64.8%) than the similarity constraint (64.6%). When both
constraints are enabled, the highest accuracy (64.9%) is achieved, which confirms
their complementary effects.

Effect of the Relative Weight A\ between the Proposed Constraints. To determine
the trade-off between the proposed constraints, we ablate the relative weight A
under [IPC= 5. As shown in Tab. 8, A = 0.8 achieves higher post-evaluation
Top-1 accuracy, while smaller values (0.2 and 0.4) degrade performance. This
suggests that a larger weight for the fine-grained characteristic constraint im-
proves distilled sample quality. Thus, we set A = 0.8 in subsequent experiments.

4.6 Visualization

Attention Visualization With and Without Similarity Constraint. As shown in
Fig. 5, we compare attention visualizations and mean pairwise cosine similar-
ity (MPCSJ) with and without £g. Without Lg, same-class samples focus on
repeated regions and show higher MPCS; with Lg, they cover richer discrimina-
tive regions and show lower MPCS. Thus, although Lg brings limited accuracy
gains in Tab. 7, it improves sample diversity by reducing redundant attention
and enriching discriminative cues.
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Fig.5: Attention heatmaps and mean
pairwise cosine similarity (MPCSJ]) for
the idipc = 1-3 distilled samples of the
black footed albatross class in CUB-200-
2011, with and without the similarity con-
straint under Ng = 4.

FADRM+rp2  FADRM+

Fig.6: Visual comparison of distilled
samples generated by different methods
on five randomly selected classes.

Visualization Comparison of Distilled Samples across Methods. Fig. 6 presents
distilled samples from several CUB-200-2011 classes produced by different meth-
ods. Samples generated by SRe’L++ and FADRM+ often exhibit noticeable
Gaussian noise. In contrast, integrating FD? produces samples with clearer lo-
cal structures and richer texture details. This observation indicates that the
proposed method preserves fine-grained local cues more effectively and improves
inter-class separability, which enhances the overall quality of the distilled dataset.

5 Conclusion

We propose FD2, a dedicated framework designed for fine-grained dataset dis-
tillation. By jointly optimizing a fine-grained characteristic constraint and a
similarity constraint together with the original distillation objective, FD? mit-
igates unfavorable fine-grained characteristics and within-class homogenization
while preserving the decoupled distillation pipeline. As an add-on module, FD?
can be seamlessly integrated into decoupled methods and consistently improves
performance across diverse fine-grained and general datasets in most settings.
Future work will further improve the performance of FD? on general datasets
and extend it to broader distillation paradigms (e.g., ViT-based models) and
larger-scale datasets (e.g., ImageNet-1K).
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